currencies. In this sense, bitcoin resembles a financial investment, such as an Internet stock, rather than a currency. Moreover, the factors that determine the bitcoin's growth and influence its value are unclear; Ciaian et al. (2014) argue that Wikipedia views have a statistically significant impact on bitcoin prices, but the effect is complex.
Because of Bitcoin's decentralized structure and exclusively online presence, the value of bitcoins derives not from gold or government fiat but from the value that people assign. The dynamics of the bitcoin price thus should relate to pertinent discussions and opinions on online social media, where investors and business adopters interact and provide feedback about the market. Tirunillai and Tellis (2012) have posited that social media and user-generated content (UGC) constitute important determinants of investments. Social media capture the "wisdom of the crowd" and provide low-cost platforms for connecting with target markets. Bitcoin provides a unique opportunity to observe and understand the interplay of social media with the value of a financial instrument. Accordingly, we examine the influence of social media metrics on bitcoin returns and strive to answer the following research questions:
 What factors characterize trading behavior surrounding bitcoins? Does it behave like a currency or resemble a speculative investment, similar to Internet stocks?  Can user-generated content, available through social media, predict value in the bitcoin market? Do distinctive social media characteristics (e.g., user and platform differences) affect this predictive relationship?
We conduct an empirical analysis of the bitcoin market, using vector autoregressive (VAR) and vector error correction (VECM) models with exogenous control variables. In cases when some variables share common trends, the VECM provides a more appropriate framework than standard VAR models, because it can explore dynamic movements among cointegrated focal variables. We assemble diverse data sources, from bitcoin and stock markets, traditional Internet measures, and social media; we also construct social media metrics using data from an Internet forum (bitcointalk.org) and a microblogging service site (Twitter) to assess the volume of posts, user sentiments, and measures of bullishness and disagreement across forum contributors. To incorporate the influence analysis in our predictive models, we stratify the sample by the characteristics of social media users, dividing users of the Internet forum and Twitter into the "silent majority" and "vocal minority," according to their contribution levels.
A summary of our major findings is as follows. We determine that correlations among bitcoin market variables (return, volatility, trading volume) are consistent with the welldocumented relationships that appear in the stock market. To the extent that social media can predict future bitcoin prices and trading volume, we find that the number of bullish (bearish) forum posts has a positive (negative), statistically significant relationship with future bitcoin returns when we consider daily frequencies. At an hourly frequency, the number of bullish tweets reveals a positive, statistically significant relationship with future bitcoin returns.
Disagreement among forum contributors also predicts future bitcoin trading volume at a daily frequency. The UGC obtained from different users and platforms exerts different impacts on bitcoin returns, such that UGC contributed by the vocal minority and silent majority display distinct relationships with the future bitcoin market. Finally, regarding the relative predictive power of both types of social media, the daily data indicate that the Internet forum variables influence future bitcoin prices significantly, but Twitter variables do not. The hourly data instead show that Twitter variables offer more predictive value.
With these findings, our study makes several unique contributions. First, to the best of our knowledge, this study is the first investigation of predictors of bitcoin returns. Prior studies mainly discuss bitcoin in general (Barber et al. 2012; Grinberg 2011; Kroll et al. 2013; Moore and Christin 2013) or explore its price formation in particular (Kristoufek 2013; . Although research has identified several factors that affect bitcoin prices, such as supply and demand or attractiveness for investors, none of these factors have been explained using standard economic theory (Kristoufek 2014) . Noting Yermack (2013) claim that bitcoin resembles a speculative investment, we offer empirical evidence that bitcoin trading exhibits characteristics similar to stock trading, which provides insights for regulators and potential investors.
Second, there exists the significant impact of social media on future bitcoin returns. Social media offer substantial information about bitcoin's acceptance among the general public, as well as daily fluctuations in its market sentiments. Investors thus can gain insights into bitcoin's value from this rich information environment. We also reveal how different users and platforms affect the influence of UGC on bitcoin performance, leading to our recommendation that investors choose an appropriate information channel and source to gather insights for their specific investment decisions.
Third, this study contributes to research into the impact of social media on firm or market performance more generally. The UGC available through social media provide valuable and timely information for investors about market acceptance and performance prediction. Prior studies note the relationship between digital user metrics and product sales (Chevalier and Mayzlin 2006; Dellarocas et al. 2007; Dhar and Chang 2009; Ghose and Yang 2009; Moe and Fader 2004) , link social media to firm equity (Luo et al. 2013) , or stock market performance (Tirunillai and Tellis 2012). We extend this stream by examining the relationship between UGC and bitcoin returns. Bitcoin's exclusively online presence makes it an ideal setting to investigate the impacts of social media on firm performance and market acceptance. Fourth, we employ multiple sources (Internet forum and microblogging site), various data formats (numeric and textual), and different facets of social media metrics (sentiment and influence) to address their relative effects. Many studies rely on a single source; we explicitly consider how different types of social media create distinct relational ties among users and thus varied networking behaviors. Moreover, content sentiment and social influence may interact, generating disparate effects on information cascading and reception across different social media platforms, such as the two we study. These differences shape the formation and characteristics of social media networks, which suggest new measures for capturing user behaviors in online communities.
Fifth, spanning the disciplines of information systems (IS), marketing, and finance, the current research can help individuals, firms, and government agencies develop strategies for using big data and their analytics. As a disruptive digital technology, Bitcoin is fundamentally changing the financial ecosystem, which affects every area of society in the modern, networked business environment. The distributed, self-regulated paradigm of Bitcoin already has invoked the emergence of a participatory market economy. In this socio-economic transformation, online social media integrate people into networks, thereby enabling collective intelligence (Helbing 2014) . The user bases of Bitcoin and social media are well aligned, suggesting the great potential for using them in conjunction (McNulty 2014). Our study, which combines the value streams of Bitcoin and big data, provides a new potential methodological paradigm for predictive analytics.
Sixth, we apply data mining, sentiment analysis, and econometric techniques to explore the societal and managerial impacts of big data. The findings can help financial investors and government legislators mitigate the risk and harness the potential of virtual currencies. For big data analytics in the IS field (Shmueli and Koppius 2011), we develop new social media measurements that incorporate sentiment, influence, and dynamics signals; we also consider cointegration among time-series variables by applying VECM models. By assessing the predictability of empirical phenomena in bitcoin returns, our work contributes to the development of a new virtual currency theory.
In the next section, we develop our theoretical background and hypotheses. We then introduce the measures and data sample for our empirical study, after which we develop our empirical models (VAR and VECM). Subsequent to the discussion of our findings and robustness checks, we conclude this article with some implications and insights.
THEORETICAL BACKGROUND AND HYPOTHESES

Bitcoin: Currency or Stock?
Because bitcoin is the most popular virtual currency, a reasonable expectation is that it behaves similarly to traditional currencies, such that its price would be driven by its use in transactions, its supply, and the price level (of tradable goods and services) (Kristoufek 2014) . In a narrow sense, a digital currency is just another medium of exchange that happens to be electronically created and stored. However, virtual currency is a fundamentally different financial phenomenon, defined as "a type of unregulated, digital money, which is issued and usually controlled by its developers, and used and accepted among the members of a specific virtual community" (European Central Bank 2012) . That is, a digital currency can be the electronic form of a traditional currency, while a virtual currency could be a totally distinct economic system. Unfortunately, government agencies have not reached consensus on how to treat virtual currencies, 2 and no systematic study of virtual currencies has appeared in finance literature.
Although some technology communities assert that bitcoin is digital, not virtual, financial authorities generally consider it virtual money (European Banking Authority 2014; Network Financial Crimes Enforcement 2013). Transactions on the Bitcoin network are not denominated in dollars or other currency, so bitcoins are a virtual currency, supported by a decentralized payment network. Because, as we stated previously, the value of bitcoin derives not from gold or government fiat but from the value that people assign to it, its dollar value gets determined on an open market, similar to the exchange rate among world currencies (Brito and Castillo 2013) . Yet the bitcoin's daily exchange rates do not correlate with traditional currencies (Kristoufek 2014) , and its exchange rate volatility is orders of magnitude greater than the volatilities of those more widely used currencies (Yermack 2013) . In these traits, bitcoin seemingly mimics an Internet stock, rather than a currency.
To test empirically whether bitcoin shares the characteristics of stocks, we examine the dynamic relationship between its prices and volume, and compare it against the price-volume relationship that Antweiler and Frank (2004) establish in stock trading: (1) positive correlation between conditional volatility and volume, (2) large price movements followed by high volume, (3) conditioning on lagged volume that substantially attenuates the leverage effect, and (4) conditioning on lagged volume that produces a positive risk-return relation. Although we cannot test the latter two features in the bitcoin context, we expect to observe similar volume-related behaviors and therefore hypothesize:
H1: Bitcoin trading exhibits features similar to those of stock trading, such that (a) its conditional volatility and trading volume correlate positively, and (b) large bitcoin price movements are followed by high trading volume.
Can Social Media Predict Bitcoin Returns?
The efficient market hypothesis asserts that new information may change market expectations about a firm and thereby affect its stock price (Fama 1970 Researchers have tested whether the Internet in general, and UGC specifically, influences the underlying behavior of stock markets. Based on a sample of the 50 firms with the greatest Yahoo message board posting volume, Wysocki (1999) finds that changes in daily posting volume are associated with both earnings announcement events and changes in stock trading volume and returns. Tumarkin and Whitelaw (2001) examine Internet stocks and find that message board activity cannot predict stock returns; rather, the causality appears to run from the market to the forums. In contrast, Antweiler and Frank (2004) indicate that a positive shock to message board posting predicts negative stock returns on the next day, though the effect is economically small.
Both the level of message posting and disagreement among messages seemingly predict subsequent trading volume. In their analysis of articles published on a social media platform, Chen et al. (2014) reveal that the views expressed in both articles and comments predict future stock returns and earnings surprises, with an effect that is both statistically and economically significant. Although Das and Chen (2007) find, among a sample of nine firms, that stock messages reflect information quickly, they uncover no ability to forecast stock returns. Luo et al. (2013) examination of the dynamic relationship between social media (consumer ratings and Web blogs) and firm equity value suggests that social media metrics have significant predictive power for firm equity value. They also examine the relative effects of social media metrics compared with conventional online behavior metrics (e.g. Google searches, Web traffic, etc.) and find that predictions based on social media are faster than those from conventional online media.
We anticipate that the association between social media and Bitcoin is similar to, if not stronger than, that of Internet stocks and firm equity for the following reasons. The decentralized nature of Bitcoin meant that most early users were individuals, rather than large institutional investors, who arguably contribute to social media more frequently and are more likely to be influenced by social media. An important motivation for early institutional Bitcoin adopters was to capture positive public relations through social media, in that "being noted as a Bitcoin innovator can potentially generate favorable press and social media mentions" (PricewaterhouseCoopers 2014 H2. Social media metrics have significant effects on future bitcoin returns, such that (a) increased positive (negative) sentiments indicate higher (lower) future bitcoin prices and (b) disagreements on social media indicate greater future trading volume.
The Significant Role of Social Influence in Predicting Bitcoin Prices
The power of social influence in financial markets is well documented, manifested as herding behavior. Friend et al. (1970) note the significant tendency of groups of mutual funds to adopt the investment choices of their more successful counterparts, which they call follow-the-leader behavior. Jiao and Ye (2013) find strong evidence that mutual funds collectively enter or exit stocks, following the herd of hedge funds, whereas hedge funds do not follow mutual funds.
According to Brown et al. (2013) , mutual fund managers follow analyst recommendation revisions when they trade stocks, and these analyst-motivated trades move stock prices. Mutual funds herd into stocks following consensus analyst upgrades and even more evidently herd out of stocks with consensus downgrades. We expect to observe some degree of similar follow-theinfluencer behavior in the bitcoin market.
We also rely on marketing and IS literature, which highlights the importance of identifying influential users on social media. As Trusov et al. (2010) observe, community members differ in the frequency, volume, type, and quality of digital content they generate and consume.
Influential people, such as opinion leaders, have disproportionate influence on others (Godes and Mayzlin 2009; Goldenberg et al. 2009 ), largely because they have greater exposure to mass media than their followers, They are more cosmopolitan, engage in more social participation, have a higher socioeconomic status, and are more innovative (Rogers 2010) . The effectiveness and functioning of an online community strongly depends on the presence and activities of a vocal minority of opinion leaders, who can induce effects in various ways (Mehra et al. 2006) .
To leverage the effect of social influence on product adoption, many companies seek to initiate and control the diffusion process by targeting the most influential people in a social network (Bonchi et al. 2011; Hinz et al. 2011; Libai et al. 2010) . However, the power-law nature of social media implies that most social media users contribute little content; this "silent majority"
contributes to conversations sporadically, mostly after important events, and are not particularly interested in generating buzz (Metaxas and Mustafaraj 2012; Mustafaraj et al. 2011) . In this sense, the UGC from the silent majority may be a more compelling metric for actual investors.
Therefore, we hypothesize:
H3. The silent majority and vocal minority have distinct impacts on the bitcoin market.
The Distinct Predictive Value of UGC from Internet Forum versus Microblogging
In addition to user-level influence differences, we predict that different social media platforms affect financial markets differently. First, Internet forums generally seek to achieve diverse opinions, and consensus is not a primary objective. These forums are geared toward creating a collaborative environment that answers different users' similar queries about a topic.
In contrast, on a microblogging site such as Twitter, communications move from the sender to his or her followers, who can spread the information further by retweeting. Limited by length restrictions, these followers might add brief, general sentiments, but they cannot engage in a thorough discussion of the original content. Second, a discussion forum is not a typical social network application, because it enables users to engage in discrete, transitory exchanges, without respect to proximity, social relations, or flows. But as a classical social networking service,
Twitter supports a richer range of possible relational ties, including social relations in which users establish persistent connections with (i.e., follow) other users. Third, most users access an
Internet forum through Web browsers. Twitter offers both web and mobile access, but users mainly engage through mobile devices. These distinctive features in turn may have significant impacts on the predictive power of UGC on these social media for bitcoin returns.
Accordingly, the link between the nature of a social media platform and the adoption of UGC has received attention. A one-sided message presents positively or negatively valenced information; a two-sided message can include both (Cheung and Thadani 2012) . Kamins and Assael (1987) observe that two-sided information enhances information completeness, invoking greater credibility perceptions. Finance scholars also note that because investors have limited attention capacities, they respond asymmetrically to more visible information (Barber and Odean 2008; Hirshleifer and Teoh 2009 ): when information is more visible and accessible, investors are more likely to respond to it. The relationship between discussion patterns and bitcoin prices thus should appear at a daily level, whereas the responses of the bitcoin market to the spread of news on Twitter may occur at an intra-day level, due to Twitter's mobile nature (Tafti et al. 2013 ). We hypothesize:
H4. User-generated content from Internet forum and microblogging site have different predictive values for bitcoin returns.
DATA AND VARIABLES
Bitcoin Market Variables
The data set comprises daily market prices (i.e., USD exchange rate) and trading volume series (in USD) from BitStamp Ltd., the top bitcoin exchange by volume. We also collected bitcoin-to-bitcoin transaction volume, defined as the total value of all transaction outputs per day, 3 from bitcoincharts.com. The exchange trading volume measure refers to the amount of bitcoin traded for other currencies; transaction volume indicates the amount spent in the bitcoin economy. Because the total output volume includes coins returned to the sender as change, we use the adjusted transaction volume, net of change, which should offer a more accurate reflection of the true transaction volume. We denote the trading volume and transaction volume of day t as and , respectively.
In addition, we define as the market price of bitcoin at the end of day (hour) t. The change in bitcoin price/value is the first difference of the price:
To measure the volatility of the daily/hour price change, we use multiple measures, including volatility at a daily frequency. To define the continuously compounded return per day on day t, , we use ln
; applying the exponentially weighted moving average (EWMA) model, we can estimate the volatility of daily return. The EWMA model tracks changes in the volatility, with the formula:
The estimate of volatility on day t, σ n 2 (obtained at the end of day t -1), is calculated from −1 2 (i.e., the estimate at the end of day t -2 of volatility for day t -1) and −1 2 (most recent daily percentage change). The value of λ governs the responsiveness of the estimate to the most recent daily percentage change. We choose λ = .94, the value used by RiskMetrics. 4 In addition, at an hourly frequency, we measure the absolute value of the hourly return | |.
Social Media Metrics
We implemented a Python-based Web crawler to collect discussion content from bitcointalk.org between November 22, 2009, and August 18, 2014. We chose this forum for two reasons: It was rated the most popular Bitcoin community in a recent survey (Smyth 2013) , and it appears first in the community section of the official Bitcoin website. We limit our data collection to the Bitcoin discussion board, to which users contribute general news, community developments, innovations, and so forth. After filtering out content beyond our study period, we gathered 119,847 posts and 51,269 topics to retain for further analysis. Each post contained textual content, an author, and a timestamp. Among the 69,671 unique users who posted, the most active 5% of users generated 62.6% of the content. The average number of posts generated by a single user in the sample period was 12.75; the median was 3. As Figure 1 reveals, the distribution of the number of messages by users has a very long tail, such that most users are in the silent majority, and a small proportion of the vocal minority generated the most contents. Finally, we considered the distinct influence of each tweet, according to its characteristics. In our data set, for each tweet, we collected favorite_count, to assess how many times a tweet had been listed as a "favorite" by Twitter users; retweet_count, or the number of times a tweet had been retweeted; and followers_count for the tweet's author, equivalent to the number of followers the account had at that moment. However, favorite_count and retweet_count are continuously updated along the tweet lifecycle, and are difficult to track their updates at the hourly and even daily frequencies. Therefore, we identified follower-count as the measure that offered insightful influence information. For each day, we ranked all tweets according to this measure, chose the top 20 tweets in the ranked list (following the practice in (Shi et al. 2014) ), and calculated their sentiment scores.
Other Variables
We included a set of traditional Internet activity measures and stock market returns (S&P500 
EMPIRICAL METHODOLOGY
We are interested in both the contemporaneous and the dynamic relationships between social media and the bitcoin market. With our contemporaneous analysis, we seek to determine whether variation in social media activities is just noise or is associated with underlying market activities.
Therefore, we examined four fundamental measures of bitcoin market activities: bitcoin returns, volatility of bitcoin returns, trading volume on major bitcoin exchanges, and bitcoin transaction volume. Changes in trading volume and volatility can serve as proxies for actual news and reactions to this news by market participants (Andersen 1996) , so we expect these measures to relate positively to changes in message posting volume if information in the bitcoin market gets reflected quickly in social media activities (e.g., message posts, tweets). Hirshleifer (1977) , Diamond and Verrecchia (1981) , and Harris and Raviv (1993) For the dynamic analysis, we adopt a vector autoregression (VAR) system to capture linear interdependencies across time series. We choose the VAR approach rather than a more traditional multiple regression (cf. Antweiler and Frank (2004); Wysocki (1999) Thus, in our empirical study, we first examine a model in which all four endogenous variables measure bitcoin market activities, namely, returns ( ), volatility ( 2 ), transaction volume ( ) and trading volume ( ). Then we integrate measures of Bitcoin forum activities.
The message posting volume and opinions expressed are both potentially relevant for determining bitcoin market activities, so we consider two combinations of variables. The first combines the number of messages expressing positive opinions ( ) and the number of messages expressing negative opinions ( ), which captures the level and bullishness of Internet forum activities (see (Luo et al. 2013) ). The second combination links the number of messages (M), the bullishness measure, and the agreement index (AI), similar to Antweiler and Frank (2004) proposal for aggregating message classifications to obtain a single bullishness measure. Let M= + be the total number of value-relevant messages, and R= / be the ratio of bullish to bearish messages. Then our first bullishness measure (bullishness I) is:
This measure is independent of the total number of messages (or posting volume) and bound between -1 and 1. The second bullishness measure (bullishness II) is:
Our third measure (bullishness III) is:
The latter two measures both increase with the number of messages and with the ratio of bullish to bearish messages. However, only bullishness II discounts excessively large message numbers.
To measure disagreement among forum contributors, we constructed an agreement index (Antweiler and Frank (2004) :
This index is bound between 0 and 1 and decreases with greater disagreement levels. Suppose all messages are bullish, such that bullishness I equals 1; then it is easy to verify that AI = 1. If all messages are bearish, bullishness I equals -1, and once again AI = 1. If instead two-thirds of the messages are bullish and one-third are bearish, bullishness I is equal to 1/3, AI = .057, and agreement is low, or disagreement is high. If half of the messages are bullish and half are bearish, bullishness I equals 0, AI = 0, and agreement is at its lowest value, or disagreement is highest.
intervals. The three bitcoin market measures are returns, absolute returns, and trading volume.
The two Twitter measures are the number of tweets expressing positive opinion ( ) and the number of tweets expressing negative opinion ( ). This last model includes the bitcoin market measures and Twitter activities, as well as Internet forum activities ( , , , ). We summarize all the models in Table 2 . To determine an appropriate VAR system, we first test the stationarity of the variables.
Conventional regression estimators, including VAR, encounter problems when applied to nonstationary processes, such that the regression of two independent random walk processes would yield a spurious significant coefficient, even if they were not related (Granger and Newbold 1974) . We used an augmented Dickey-Fuller unit root test of each variables, with lag numbers chosen according to the Schwert (1989) rule. Among the time series in the model, the number of positive posts, S&P500 returns, and NASDAQ returns are stationary; the others have one order of integration.
Next, we determined the appropriate lag length p using Akaike's information criterion (AIC) and the Bayesian information criterion (BIC), as is standard in the VAR literature (Love and Zicchino (2006) ). For each model, we calculated the AIC and BIC values for the sample period and chose the lag length that minimized both criteria. If they indicated conflicting optimal lag lengths, we chose the length that minimized the BIC.
Although in a VAR system, we could model the interrelationship of the variables by taking first differences of each non-stationary series and including the differences in a VAR, this approach can suffer misspecification biases if cointegration is present. In that case, VAR expresses only the short-run responses between variables, without providing information about the long-run equilibrium in the case of cointegration between two or more series. We performed a Johansen test (Johansen and Juselius 1990) and confirmed the presence of cointegration in our daily frequency data. Therefore, in Models 1a, 2, 3, and 5a, we extended the VAR model to an vector error correction model (VECM), which can fit the first differences of the non-stationary variables, using a vector of error correction terms that is equal in length to the number of cointegrating relationships added to the relationship (see Johansen (1995) ). By taking potential long-term relationships into account, the VECM model with variables, lags, and cointegration rank r has the following form:
where Δ is the first difference operator, is a × 1 vector with order of integration 1 , is a × 1 constant vector representing the linear trend, is the a lag structure, and is the residual vector. Γ is a × matrix that indicates short-term relationships among variables, is a × matrix that represents the long-term relationships between the cointegrating vectors, and is a 
where is a × identity matrix. In addition, when the variables are not cointegrated, Eq. (7) reduces to a stationary VAR( − 1) model in first differences: Table 3 contains the simple pairwise correlations that differ significantly from zero. The correlations at the top of the table (rows 1-3) are among the bitcoin market variables and appear consistent with well-known, stylized facts pertaining to the stock market. For example, the correlation between returns and trading volume is positive but small, but the correlation between volatility and trading volume is large (.369 for daily frequency). As a comparison, the correlation between stock trading volume and volatility is only .063 according to (Antweiler and Frank 2004) . Thus, bitcoin trading volume and transaction volume appear highly correlated, at .732. Table 3 reveals the strong correlations between traditional Internet activity measures and bitcoin market measures; they also are highly autocorrelated over time.
RESULTS
Contemporaneous Relation
Stock returns are famously difficult to predict; with regard to bitcoin returns. Table 3 indicates a significant but negative contemporaneous correlation between social media posting volume and bitcoin returns. The economic significance is small, similar to the findings of (Antweiler and Frank 2004) . Although we find a significant, positive, contemporaneous correlation between the third bullishness measure and returns, this magnitude also is small. Notes: This table contains only correlations that are significantly different from 0 at a 95% confidence level. The time period is one day. The four market variables are the log difference in bitcoin exchange rate (in USD) from the end of the previous day to the current day (return); daily volatility estimated with the EWMA model (volatility); the natural log of bitcoin daily transaction volume in USD, with the linear time trend removed (transaction volume); and the natural of log bitcoin daily trading volume in USD, with the linear time trend removed (trading volume).
Dynamic Relationships among Bitcoin Returns, Volatility, Trading Volume, and Transaction Volume
We provide the t-statistics for each coefficient of the first lagged variables ( 1 ) in Model 1 (a and b) in Table 4 . We report t-statistics instead of coefficients to avoid interpretation issues associated with scale effects. The autoregressive coefficients are on the diagonal; all four coefficients are positive and significant at the 1% level. At a daily frequency (Panel a), trading volume and transaction volume exhibit a strong autoregressive relationship. That is, high trading (transaction) volume days tend to precede days of high trading (transaction) volume. Other significant t-statistics are in bold, though the magnitudes for the majority of coefficients are small. Other than past returns, no market variables indicate predictive power for bitcoin returns (negative direction). Trading volume helps predict volatility, consistent with findings from stock market studies. We also note some interesting results for the bitcoin transaction volume variable:
The higher the returns and trading volume today, the higher the transaction volume tomorrow; but the higher the volatility today, the lower the transaction volume tomorrow. The performance of bitcoin, as an investment asset, thus appears to affect its popularity as a currency.
Panel b reports the t-statistics for the coefficients at an hourly frequency. We lack hourly transaction volume data, so the vector of variables of interest is reduced to ( , 2 , )′. Both returns and volatility show positive autoregressive relations, whereas trading volume indicates a strong negative autoregressive relationship. The signs of t-statistics are generally similar to those in Panel a. Table 1 . ***, **, * denote significance at the 1%, 5%, and 10% levels, respectively.
Dynamic Relationships among Bitcoin Activity and Forum Activity
We examine the predictive power of the number and bullishness of forum messages posted during the whole sample period using Models 2 and 3 (Table 5 ). The t-statistics for the market variables , 2 , , are similar to those in Table 4 Table 1 .
***, **, * denote significance at the 1%, 5%, and 10% levels, respectively.
Model 3 contains an alternative set of Internet forum measures that capture posting volume and bullishness, as well as disagreement among contributors. As we show in Table 6 , bitcoin returns are positively associated with the previous day's bullishness, but the relationships are not statistically significant. As we predicted, disagreement induces trading; the agreement index is negatively associated with future trading volume. The agreement index emerges as the only variable derived from the forum activities that exhibits significant predictive power for future trading volume. Table 1 . ***, **, * denote significance at the 1%, 5%, and 10% levels, respectively.
Dynamic Relationships among Bitcoin Activity and Twitter Activity
We examine the predictive power of the number and bullishness of all tweets over a fourmonth sample period (April 18-August 18, 2014), as summarized in Table 7 (Panel a), using hourly sampling frequency. The magnitudes of the t-statistics among the market variables are similar to those reported in Table 4 (Panel b), again indicating low correlations between the market variables and social media variables. Changes in and indicate strong negative autoregressive relationships. In terms of predicting bitcoin returns, volatility, and trading volume, both variables are mostly useless since the t-statistics in the last two columns of Table 7 are insignificant, with signs opposite our expectations. For example, more bearish tweets indicate higher future returns and trading volume. Notes: The variables are as defined in Table 1 . ***, **, * denote significance at the 1%, 5%, and 10% levels, respectively.
To determine if incorporating a social influence analysis improves the predictive power of the tweet metrics, we replaced and (all tweets) with the _20_ and
_20_
(tweets by people who rank in the top 20 in terms of follower counts (Shi et al. 2014) ), which is similar to using weighted opinions instead of simple aggregated opinions. The results for these opinion leaders appear in Panel b and reveal that though they remain insignificant, the t-statistics move mostly in the expected directions. Hours with many bullish (bearish) tweets by opinion leaders precede hours with high (low) bitcoin returns, and the predictive relationship between bullish tweets and bitcoin returns is statistically significant at 5%. We define opinion leaders as those who rank among the top 20 in terms of follower counts, following the practice in (Shi et al. 2014) . In a robustness check, we ran analyses with the 50 and 100 top ranked opinion leaders and found quantitatively similar (but weaker) results.
The Relative Predictive Power of Internet Forum versus Twitter Variables
To examine the relative predictive power of the Internet forum and Twitter variables, we used a VECM model with eight endogenous variables (Model 5a) for daily data and a VAR model with seven endogenous variables (Model 5b) for hourly data, and the results are reported in Table 8 . At a daily frequency (Panel a), the forum variables predict bitcoin returns one day in the future, and the relations are statistically significant. Days with many bullish and few bearish forum posts precede days marked by higher bitcoin returns. In contrast, the Twitter variables have negligible predictive power for bitcoin returns. No social media variables exhibit significant predictive power for volatility or trading volume during the sample period, though days with more bullish tweets precede days with high bitcoin transaction volume.
Panel b of Table 8 presents the results with hourly data. For the Twitter data, we limit our sample to tweets by top 20 opinion leaders. Hours with a greater number of bullish tweets precede hours with higher bitcoin returns; this relationship is statistically significant. Hours marked by increases in the number of bearish tweets precede hours with lower bitcoin returns, but this relationship is insignificant. Forum variables instead have no predictive power for hourly bitcoin returns. Changes in the hourly tweet volume and forum posting volume both predict future bitcoin volatility. In particular, more bearish tweets and more bullish messages each precede hours in which we find higher bitcoin absolute returns, in statistically significant relations. These findings are consistent with our hypotheses. 
Notes:
The variables are as defined in Table 1 . ***, **, * denote significance at the 1%, 5%, and 10% levels, respectively.
Robustness Checks
Our primary motivation for choosing VECM over standard VAR models is to avoid the potential misspecification bias that can arise due to the inability of VAR to deal with long-term relationships. As a robustness check, we fit a VAR model for Model 2, using the same variables, and took the first-order difference of and to keep the variables stationary. As the results in Table 9 indicate, we obtained similar results: An increase in the amount of positive and negative messages posted by the bottom 95% of users had predictive power for bitcoin returns, and an increase in posts from more active users offered more predictive power with respect to transaction volume. Notes: Variables are as defined in Table 1 . ***, **, * denote significance at 1%, 5%, and 10%, respectively.
DISCUSSION AND CONCLUSION
This study investigates the predictive power of social media metrics for bitcoin returns, as Our analysis of the dynamic relationships between social media and bitcoin returns also indicates some interesting differences at the social influence level and specifies the unique effects of different social media platform (Internet forum vs. microblogging site). In line with H3, we note that bitcoin market predictions can gain accuracy if they integrate an influencer analysis and stratify the sample by social media user characteristics. For example, the numbers of bullish and bearish tweets by all users have negligible predictive power for bitcoin returns in the next hour. However, if we limit the sample to tweets from those users with the most followers, the predictive relationship becomes statistically significant. Posts from the most active Internet forum contributors also have stronger associations with bitcoin transaction volume on the next day than do posts from ordinary users. This finding verifies that follow-the-influencer behavior exists in the bitcoin market, extending prior finance and marketing findings to a new setting (Brown et al. 2009; Hinz et al. 2011; Jiao and Ye 2013; Libai et al. 2010) . To leverage the effects of social influence on bitcoin markets, investors should actively follow the most influential people in a social network to collect market information much more efficiently. However, the power of the silent majority should not be ignored, as we show that their sentiments can be the more important metric in predicting the movement of future prices.
The relative predictive power of forum posts and tweets, using both daily and hourly data, also are distinct (H4). Forum metrics do a better job of predicting future bitcoin returns at a daily frequency; Twitter metrics outperform them at an hourly frequency. A potential explanation is that the two types of social media platforms differ in their characteristics, namely, as information sharing platforms and in how users receive information. The predominantly mobile uses of Twitter make tweets more visible to investors at an intraday level, and they therefore respond in a timelier fashion. Internet forum members instead engage in more thorough discussions, whether positive or negative, which leads to consolidated market reactions at the daily level.
From a practical perspective, our results offer insights into the bitcoin economy. First, Bitcoin's algorithm will cap the number of ultimately available bitcoins at 201 million (to date, fewer than 13 million bitcoins have been mined worldwide), yet price fluctuations and the potential presence of a bubble remain key concerns of early adopters and investors. Public opinions about the real value of bitcoins also diverge, reflecting the different arguments regarding whether the use of Bitcoin as a payment network necessarily increases the value of bitcoins. We show that the price of bitcoins relates closely to communities' sentiments about their future value, similar to the situation for stocks and firm equities. This finding suggests evidence of the investment value of bitcoin, as a financial instrument.
Second, we recommend that companies strategically and carefully evaluate their decision to adopt the Bitcoin payment system. The decision must involve more than the marketing consideration of the potential for generating positive buzz, since the dynamic relationship between social media content and bitcoin value means the future value of the accounts receivable can also be affected.
Third, the predictability of bitcoin returns should strengthen their reliability as a regular medium of exchange. In addition to its unique benefits (i.e., lower transaction costs, potential to combat poverty and oppression, stimulus for financial innovation; (Brito and Castillo 2013) ), "Bitcoin does not present a threat to economic activity by disrupting traditional channels of commerce. Instead, its global transmissibility opens new markets to merchants and service providers" (Federal Advisory Council and Board of Governors (2014) ). Our research presents more positive evidence that government agencies and judicial systems can use to weigh and balance their restraint or encouragement of this unprecedented financial innovation.
The implications of our results also go beyond the bitcoin market specifically. Even as research attends more to the business impacts of social media and appropriate analytical methods for dealing with big data, most studies continue to use single data sources. Yet as our study shows, not all social media content is created equally; it can have varying impacts. Social media users also exhibit distinct contribution frequency and behaviors. Different social media platforms retain information differently and result in varying interaction behaviors among users. Therefore, researchers should take particular care before aggregating or sampling large volume of social media data across users and platforms. Models that support analyses of these data through finergrained approaches could yield interesting results.
Our research also has several limitations. We collected considerable social media data from
Bitcoin, but we could quantify the impact of Twitter messages on the bitcoin market for only a four-month period. This time period does not represent a limitation for the hourly analysis, but our conclusions for the daily analysis may suffer from low statistical power. Investigations of a longer period would be beneficial. Our findings highlight the dynamics between social media and Bitcoin, a single cryptocurrency; whether they generalize to other virtual currencies remains unclear. Finally, we collected social media data from an English-language Internet forum and limited our Twitter crawl to messages in English too. Yet the bitcoin market contains adopters, investors, and speculators worldwide, so a more comprehensive study is needed to draw conclusions about UGC written in other languages.
In turn, we suggest several extensions to this study. First, our analyses show that different types of social media and different groups of users have distinct impacts on the bitcoin market, so more insights could accrue from investigations of the root causes of these differences. For example, are the different impacts due mainly to content (i.e., subjectivity of opinions) or to behavioral reasons (i.e., posting frequency, interactions with other users)? Research that addresses these questions could enhance understanding of the mechanisms of the feedback loops between social media and financial markets. Second, we used financial sentiments as the sole indicators provided in social media. To identify other features that might contribute to the dynamics, further linguistic analyses and statistical topic modeling might be conducted on the textual data. For example, many Bitcoin users worry about its security, so additional studies might investigate the implications of sudden surges of discussions about security or privacy, as well as users' opinions about these topics.
The cryptocurrency market is gaining momentum. An estimated 275 digital currencies are now in play, many of which cater to specific products or services (Mayer 2014) . Whereas most prior research addresses technical issues (e.g., mining, security, privacy), the success of online payment systems relies on the credible demonstration of their business, economic, and societal value. We believe the IS community should take the lead in this emerging, interdisciplinary research area, to span information technology, marketing, finance, and social science. By revealing the association between two big data phenomena (virtual currency and social media), this study provides an initial examination of the predictive relationship between social media and bitcoin returns. It thus sheds some new light on the impact of big data and analytics on a disruptive transformation in the networked world.
